ABSTRACT In this paper, we propose a random access protocol for vehicular-to-infrastructure communications. We consider the case where an unmanned aerial vehicle (UAV) provides assistance to a roadside unit to enhance the system throughput. In a traditional carrier sense multiple access schemes (CSMA), the vehicle senses the channel first and it does not transmit the data until the channel is free. However, the CSMA has been shown to be often wasteful of resources and includes potentially unbounded channel access delays in dense networks. In this paper, we use the capture effect, where collisions can be resolved, provided the signal-to-interference-plus-noise ratio is larger than a predetermined threshold. Moreover, we show that the access probability of the vehicles can be optimized based on the known density of the network to maximize throughput. Based on the proposed random access protocol, we model the behavior of the vehicles using a two-dimensional Markov chain and derive the expression for the average system throughput. Finally, we propose two transmission power control schemes to further enhance system throughput. We present extensive simulation results to show that the UAV can provide 9%-38% improvement in throughput for variable network densities.
I. INTRODUCTION
Vehicular communication networks have received huge attention from the research community as well as the industry, for its potential to enhance road safety, traffic efficiency, and on-board information and entertainment. Some of the main communication standards developed for vehicular networks include the dedicated short range communication (DSRC) in the US [1] . DSRC is based on IEEE 802.11p [2] , which is part of the wireless access in vehicular environments (WAVE) architecture. IEEE 802.11p uses carrier sense multiple access with collision avoidance (CSMA/ CA) [3] , originally designed for wireless local area networks (WLAN). However, while WLAN is characterized by low mobility and low density, vehicular networks are notorious for their dynamic topology, high-mobility environment, and requirement for scalability for high density networks. Thus, researchers have recently grown skeptical of the CSMA/CA for vehicular networks [3] , [4] .
In this regards, the 3rd Generation Partnership Project (3GPP) proposed long term evolution vehicle-to-everything (LTE V2X) [5] , which offers cellular networks to vehicles, based on D2D communications. LTE V2X is still, however, a centralized approach as it relies heavily on the network for time and frequency synchronization. In general, centralized approaches are more reliable than CSMA/CA and, thus, more suitable for critical safety-related messages. However, centralized approaches incur large control overhead, require control channels and infrastructure as well as complex resource allocation algorithms. Thus, they might be unnecessarily costly for less critical information and applications.
Motivated by this, this paper proposes a random access protocol for delay tolerant applications, e.g., traffic monitoring. The random access protocol offers minimal control overhead at the expense of a small degradation in reliability. In particular, we consider a high-way scenario where a dense area of vehicles is serviced by an RSU and/or a UAV.
Vehicles are aware of their geolocations and transmit randomly over a set of service channels pre-allocated to their highway segment. The transmission probabilities are optimized for a given network density. For dual server operation, we propose two power control schemes that enhance the system throughput while minimizing control overhead between the RSU and UAV. The system throughput is analyzed using a 2D Markov Chain. Our analytical is validated empirically and demonstrate promising performances. Next, we present a literature review on related works.
A. RELATED WORK
As mentioned earlier, CSMA/CA in IEEE 802.11p suffers from many inherent problems when applied to vehicular networks. Even with the clear-to-send/request-to-send (RTS/CTS) procedures [6] , the system performance still suffers in high density vehicular networks [7] . To tackle these problems, time division multiple access (TDMA) was proposed for collision avoidance. In TDMA, time is divided into frames of equal number of time slots, and each slot in the frame is pre-allocated to a particular vehicle. In order to incorporate mobility awareness into the resource allocation process, self-organizing time division multiple access (SoTDMA) was proposed in [8] . However, these TDMA-based approaches [9] - [12] are still orthogonal in nature, i.e., only one vehicle can transmit in one slot. Orthogonal multiple access has been shown to be spectrally inefficient, especially in dense networks [13] . In this work, we incorporate the capture effect to allow non-orthogonal access, i.e., multiple transmissions in a single slot/channel.
In general, it was found that line of sight (LoS) presents the main obstacle for wireless communications in vehicular networks [14] . As UAVs can establish air-toground (or ground-to-air) wireless links with the vehicles, UAV-assisted communications have attracted a lot of attention in vehicle networks projects. UAVs can facilitate network information collection, dynamic access demand, communication assistance, and improve the efficiency of traffic management [15] - [17] . Their LoS links offer an increased reliability. Their flying capabilities offer quick, on-demand and low-cost deployment for enhanced connectivity through relaying, as well as quick recovery of connectivity in broken links [16] , [17] . Application of UAV as a relaying node and alternate node (backup to RSU) is proposed in scenarios such as partitioned network and disaster-struck network [18] . Moreover, search and rescue operation is carried out using imaging capability of UAV to scale the destruction level, while the vehicles provide ground rescue based on multiple imaging data from UAV in the disaster-struck and partitioned network. The multiple UAV deployment also allows breathing space for UAVs with low energy to recharge their batteries. In another implementation, multiple UAVs can provide resources to the vehicles and cache the data. Thus resources are moved closer to the vehicles [19] . However, the temporal and spatial changes in the environment of both vehicles and multi-UAVs and interference are the key design challenges. In [20] , a model for energy consumption as function of speed and direction is developed for a UAV of type fixed-wing. The throughput and the energy-efficiency of the UAV are jointly optimized with constraint on trajectory of UAV. The main drawback for UAVs is forecasted to be the required recharging stations, with a current estimate of half an hour fly time. However, existing research promises extended battery life to many hours in the near future [21] . Other research work in this field includes finding optimal transmit powers, locations and trajectories for maximum throughput [15] - [17] , [22] - [25] . In this work, we consider UAVs as mobile aerial RSUs that provide assistance to RSUs in case of temporal burst in traffic.
Finally, it is worthy of mentioning some of the recent advances in machine learning algorithms for vehicular networks [26] - [29] . Machine learning is a data-driven approach that offers a decentralized transmission schemes. In other words, vehicles decide locally on channel selection and power control locally, using partial observations collected from nearby vehicles, infrastructure, UAVs, etc. The optimization problem aims at maximizing the vehicle's quality of service (QoS) while minimizing the interference caused to other communication links. One relevant experiment was conducted in [28] for V2I with distributed channel and power allocation. The proposed machine learning algorithm was compared to the trivial case where vehicles choose a service channel uniformly at random (regardless of any available observations). Intuitively, machine learning scored larger throughput. This is intuitive for two main reasons: (1) the uniform random selection of service channels is sub-optimal even in the absence of observations [30] ; (2) more importantly, the machine learning algorithm makes decisions based on partial observations that significantly affect the system performance rendering the comparison unfair. In general, the application of machine learning in vehicular networks is still in its infancy [28] . We have found that more work needs to be done on establishing clear and fair simulation setups before it can be assessed against more traditional approaches [31] .
B. CONTRIBUTIONS
The main contributions of this paper are summarized below.
1) PROPOSED RANDOM ACCESS SCHEME
In this paper, we first consider a single server operating, either UAV or RSU. For that, we propose to use a random access scheme that does not require channel sensing and uses capture effect to recover the messages. Capture effect is well known to increase the channel capacity in comparison to the notorious sensing model [32] . For the capture effect, a vehicle's transmission can be successfully decoded if its signal's SINR is above a certain threshold.
2) MARKOV CHAIN-BASED PERFORMANCE ANALYSIS
We use 2D Markov Chain to describe the behavior of vehicles. The state of the vehicle is represented solely by its position and back-off timer value. By using this analytical tool, we find the state transition probabilities and derive the expressions for the state probabilities. Then, we derive the expression for the system throughput defined as the average number of packets successful per second per hertz.
3) PROPOSED TRANSMISSION POWER CONTROL SCHEME FOR DUAL SERVERS
We also dynamically change the transmission power of a group of vehicles under the coverage of either UAV or RSU. We find the optimal configuration that achieves the best throughput value. As a starting point, the reduced transmission power control scheme is compared with constant power scheme, while comparisons with other power schemes can be conducted in future. Our results show that the proposed transmission power configuration can improve the network throughput by as much as 20.49% compared to the constant power case. Therefore, the UAV is best used to aid RSU when the network density is high due to its limited resources in a vehicular environment.
The rest of this paper is organized as follows. The system model and considered transmission scheme are described in section II. In section III, we propose a Markov chain-based analytical framework to characterize the system throughput. In section IV, we propose three grouping schemes for the case of dual servers: RSU and UAV. Numerical results validating the proposed analytical framework and comparing the proposed grouping schemes are presented in section V. Finally, conclusions and future work plans are presented in section VI. A list of notations is provided in Table 1 for the readers' reference. 
II. SYSTEM MODEL A. OVERVIEW
We adopt the 3GPP proposal of geolocation-based access [5] . The vehicles are assumed to have knowledge of their position.
The road map is divided into segments, and each segment is allocated a specific set of resources, i.e., service channels. We further assume that segments are allocated orthogonal resources and neglect intra-segment interference [33] - [36] .
We consider a realistic scenario of a highway segment where vehicles are distributed over three lanes and are served by an RSU/ and or UAV, while for analytical tractability [37] , we consider the single highway road segment with no obstacles and focus on uplink transmission. We denote by N the total number of vehicles in the segment. The vehicles are uniformly distributed over L lanes of a highway of area L x × L y m 2 . The road segment is served by an RSU and/or UAV and allocated C orthogonal service channels. The channel model is taken as a path loss channel model with small-scale fading [38] - [40] . Due to the dynamic nature of vehicular networks, acquiring accurate channel state information can incur large signaling overhead. Thus, we consider the case where this is no channel state information at the vehicles. However, we assume that the channel conditions remain constant for the duration of transmission of one packet [41] , [42] . Full studies to justify these channel models can be found in [41] and [42] . We rely on their results as sufficient validation of the mathematical model. Let V i denote the i th vehicle in the considered road segment. The position of V i is determined by its coordinates (x i , y i , h i ). Here, h i denotes the height of V i . For simplicity, we assume all vehicles have the same height h V . Similarly, the positions of the RSU and UAV are determined by their coordinates (x R , y R , h R ) and (x U , y U , h U ), respectively. Furthermore, we define 2 , as the distances between V i to the RSU and UAV, respectively.
Under certain traffic conditions, we assume that the UAV will hover for a temporary period of time in a certain fixed point (the details of these conditions will be discussed later). The height and overall position of the UAV is optimized as in [43] to maximize coverage. The UAV is considered to be an on-demand mobile aerial RSU that flies to dense road segments where/when the RSU can no longer maintain the required QoS requirement for the vehicles. We would like to point out that the actual motion of the UAV (whether hovering, vertical flying or horizontal flying) does not affect the energy consumption of the UAV [20] . Moreover, as the coverage range of RSUs is in the range of 100 − 300 m and given the channel fading statistics, we expect that the system performance will be insensitive to slight inaccuracies in the position [37] .
As mentioned in Section I, most vehicles will be equipped in the near future with advanced on-board sensors that generate, collect, store, process and transmit massive amounts of data to make driving safer and more convenient. The transmitted data will belong to a large and diverse range of applications with diverse QoS requirements. Thus, the best choice of technology, e.g., IEEE 802.11p, LTE V2X, FANET, etc., is very much application specific. In this regards, it is worthy of noting that there has been an increasing interest in studying interworking of heterogenous technologies to form a converged network [44] . One such example is based on software defined networks (SDN) which decouples the control plane and data plane to facilitate network configuration [45] . This is considered to be outside the scope of this paper. Interested readers are referred to [46] for more reference on this.
B. TRANSMISSION SCHEME
As mentioned in Section I, the conventional CSMA scheme is a listen-then-talk scheme, where vehicles sense the channel prior to every packet transmission. If the channel is sensed to be idle, the vehicle transmits its packet. If no other vehicle transmits simultaneously, the packet is assumed to be received successfully. Otherwise, the transmitted packets collide and the data enclosed is lost. The unsuccessful vehicles choose a random back-off timer from a predetermined set of values. The value of the timer is decremented by one for every slot that is sensed to be idle. Otherwise, the timer remains frozen. Once the timer expires, the vehicle is allowed to reattempt transmission. The CSMA scheme heavily relies on the collision model, i.e., packet containing the data when lost is two or more users transmit over the same time/frequency resources. However, in practice, data can still be recovered provided that the SINR threshold is larger than a predetermined threshold. The SINR threshold depends on the modulation and coding scheme (MCS) used [47] . For simplicity, we will assume in this paper that all vehicles utilize the same MCS and thus require the same SINR threshold, denoted by α. In addition to increasing the spectrum efficiency and system throughput, the capture effect has also been shown to render the sensing mechanism redundant. Thus, we do not consider any sensing in this paper. By removing the sensing mechanism, we offer less system complexity as well as lower channel access delays [32] , [48] . Full studies to justify this transmission scheme and the abandonment of CSMA can be found in [32] and [48] . We rely on their results as sufficient validation of the mathematical model. The proposed random access protocol is depicted in Figure 1 . A vehicle with a new packet, transmits over a subset of randomly chosen service channels. We denote by q; the probability that a vehicle transmits a copy of its packet in a given service channel. q is referred to as the access probability and is a function of N and C. Thus, the proposed random access protocol can be seen a decentralized resource allocation mechanism that can adapt to variable traffic densities by varying q. This random access protocol also does not require the RSU or UAV to have any information on the channel state links, only the channel statistics, road segment topology as well as road segment density. The received packets are decoded at the RSU and/or UAV. If the received packet's SINR is larger than α, decoding is assumed to be successful. Otherwise, decoding fails. We denote by φ of V i over channel c at the RSU and UAV, respectively. The SINRs can be expressed as:
where V c is the set of vehicles transmitting over channel c, N o is the thermal noise power, P i is the transmit power of V i , G is the antenna gain, n (R) is the path loss exponent of the ground-to-ground channel and n (U ) is the path loss exponent of the ground-to-air channel. In what follows, we assume that all vehicles transmit with the same power, P t . If a vehicle does not receive an acknowledgement confirming successful decoding, the vehicle goes into a back-off stage. The vehicle randomly chooses a back-off time from a predetermined contention window (CW) W. The range of the CW depends on the type of traffic, e.g. background, best-effort, voice or video. As we do not have any sensing, the back-off timer is decremented by one in each time slot. Once the back-off counter is set back to zero, the vehicle is allowed retransmission again.
III. THROUGHPUT ANALYSIS
In this section, we consider a single lane highway and an RSU server with a single service channel. We also consider the case where vehicles always have a packet to send. Based on this, the probability of a successful packet transmission is Pr φ (R) i,1 ≥ α , where |V 1 | is the subset of devices that are not in back-off, and access the channel with probability q. It is straight-forward to see that evaluating this probability is daunting as it requires the evaluation of order-N integrations. In this section, we propose an analytical framework to solve for this probability, based on justified approximations. Our numerical results will later show the accuracy of our approximations in characterizing the system throughput.
A. PRELIMINARIES
First of all, we divide the coverage area into M segments as shown in Figure 2 . Each segment is of length x. We denote the set of segments by s i = {s 0 , s 1 , . . . ., s M −1 }. Intuitively, at any given time, every transmitting vehicle has a maximum of N − 1 potential interfering vehicles. In particular, a vehicle V j is an interfering vehicle to transmitting vehicle Now, for the remaining part of the paper, we make the following the approximations to simplify the analysis. We will later show through simulations that our approximations have little effect on the accuracy of the results.
• We neglect the small scale fading parameter, i.e., h
i,c = 1, ∀ i and c. The intuition behind this is that the path-loss and small-scale fading channel statistics follow a Pareto distribution [49] . Thus, the channel statistics are dominated by the distance rather than the small-scale fading parameter. This assumption has been used in previous vehicular network related works such as [50] .
• We assume the unit gain, i.e., G = 1 [51] .
• We discretize the positions of the vehicles such that they can only be at one of the midpoints of the segments s 0 , . . . s M −1 , with corresponding distances D 0 , . . . , D M −1 to the RSU, i.e., D i is the distance from the midpoint of segment s i to the RSU [33] .
• We consider the case where the speed of every vehicle is an independent and identically distributed (i.i.d.) random variable whose distribution is denoted by f v (V ) [52] . Based on the above conditions, the expression in Equation 1 can be approximated by the following equation: We denote by p s i the probability of a vehicle in position s i having a successful transmission. Thus, p s i can be expressed as:
(4)
Given that a vehicle is in segment s i , the probability of moving to position s j (j ≥ i), in t time, can be expressed as:
where
and F V is the CDF of the speed. Thus, p f ,i represents the probability a vehicle moves forward i segments, in t time.
B. 2D MARKOV CHAIN
We model the behavior of each vehicle by a discrete-type 2D Markov Chain. • State transitions are discretized to time intervals of t.
• Each vehicle is continuously moving across the coverage area of the RSU in the same direction. Thus, they cannot move from position s i to s i−j where j ≥ 0.
• x is small enough such that the probability of staying in the same segment after t seconds is negligible, i.e., p f ,0 ∼ 0.
• A new vehicle entering the coverage area is always in the thinking state T .
• The density of vehicles remains constant, i.e., the number of vehicles going out of range are equal to the number of vehicles entering the coverage area.
• New vehicles entering the coverage range will be initialized uniformly at random in one of the first M < M , 0) transmits the packet and the transmission is successful, i.e., its SINR is larger than α. This occurs with a probability p s i . These vehicles will transition to state S(s j , T ), with probability p si p f (j−i) (i < j < M ). These transitions are illustrated in Figure 3 
2) A Transmitting Vehicle is Unsuccessful and Remains in Coverage Area:
After an unsuccessful transmission, a vehicle will select a back-off time t k uniformly at random from the set W = {T , 0, 1, 2, . . . , W o − 1} with probability
. A vehicle will move from state S(s i , 0) or S(s i , T ) to S(s j , t k ) with probability
3) A Vehicle in Back-Off Remains in Coverage Area:
From section II, the non-zero value of the back-off timer is decremented by one every t seconds. Thus, vehicles in states S(s i , t k ) will transition to states S(s j , t k − 1) with probability p f ,j (i < j < M ). 4) A Vehicle goes Out of Range: As mentioned before, we assume that the number of vehicles in the coverage range is always N . Thus, for every vehicle that goes out of range, a new vehicle enters the coverage area. New vehicles with packets to transmit will be in the thinking state. Also, depending on their random speed, they can be in one of the first M < M segments of the road, where M is a design parameter. In other words, from any state S(s i , t k ), a vehicle will go out of range with a probability 1 − p f (M −i) . Moreover, as the speeds are uniformly distributed random variables, new vehicles are equally likely to be in any of the first M segments. Thus, the state transition probability representing a vehicle going out of range can be expressed as
, with the next state being S(s j , T ), as shown in Figure 4 . 
C. STATE PROBABILITIES AND AVERAGE THROUGHPUT
Finally, based on all of the above, the state probabilities can be expressed as:
Above equation has been solved in Appendix and shows that the probability of a vehicle being in state S(s 0 , T ) depends on re-insertion to position 0 from any state only. While state probability to any other position with Thinking state T also is a function of successful transmission probability as shown below:
From Figure 3 , state probability π (s 1 , e), (where e = {1, 2, 3, . . . , W o − 1}) can be obtained as:
We combining all possible cases of this irreducible 2D Markov Chain and solve for the state probabilities as follows: where z = {0, 1, 2, . . . , M −1} and b = {0, 1, 2, . . . , W o −1} The derivation of this equation is provided in Appendix. It shows that the transition to non-thinking states depends on the back-off probabilities from the thinking state or from states with t k = 0. Also, transitions can be from state with back-off counter values of non-zero and vehicles moving forward in time t.
We also re-define the overall throughput of the system which is the number of successful packets per slot per total number of channels. For a total of N vehicles, the throughput can be defined as:
This throughput is also known as the saturated throughput as all vehicles are assumed to have a packet at all times.
IV. PROPOSED TRANSMISSION POWER CONTROL SCHEME
The SINR is the ratio of transmitted power to noise plus interference from other transmitting vehicles. All vehicles are assumed to be constrained by a maximum transmit power threshold, therefore, it is intuitive to see that the increase of transmit power is not effective here. Furthermore, we assume that by default each vehicle sends packet with maximum transmit power. Moreover, as the air-to-ground channel is often better than the ground-to-ground channel, we expect, that on average that the UAV will decode more vehicles than the RSU as most vehicles will experience better channel conditions over the air than over the ground [53] . The proposed control schemes aim at minimizing the control overhead between the RSU and UAV while sufficiently enhancing the system throughput with UAV assistance.
A. PROBABILISTIC GROUPING (PG):
For this, we propose a new MAC protocol where a fraction γ of the vehicles in the network reduce their transmit power. We refer to these vehicles as vehicles of Type 1. Moreover, we denote the set of these vehicles by set V (1) . Similarly, we refer to the remaining vehicles in the network as vehicles of Type 2 and denote this by set V (2) . V (1) reduces their transmission power so that the interference they cause to vehicles in V (2) is reduced. Thus, vehicles in V (2) will have a higher SNR at the RSU and, thus, a higher probability of being successfully recovered at the RSU. Furthermore, if the reduced transmit power level is designed properly, the vehicles in V (1) can still be recovered at the UAV. We define the instantaneous throughput as
where S (t) 1 and S (t) 2 are the sets of successfully recovered Type 1 and Type 2 vehicles in time slot t, respectively. They can be expressed as:
i ≥ α , and (13)
Furthermore, we can divide sets S 1 and S 2 as follows
1 , and (15)
where S (U ) i and S
(R)
i are the sets of devices from S i recovered successfully at the UAV and at the RSU, respectively, for i ∈ [1, 2] . The union bound implies that the same vehicle can be recovered at both the UAV and the RSU. In what follows, we assume that the number of vehicles in the network is known to the RSU as well as their distances to the RSU and to the UAV are also known. Based on this knowledge, we need to determine the subset of devices γ that need to reduce their transmission power to P 1 such that the throughput of the system is maximized. We assume P 2 = P T the maximum transmit power of the vehicles. 
B. DISTANCE-BASED GROUPING (DG):
The group of vehicles is selected on the relative distance criteria. The ratio of the distance of the vehicle from the UAV to the distance of the vehicle to the RSU gives us the relative distance. If this ratio is greater than a scaling factor (denoted by scalingfactor), the vehicle will reduce its power. The scaling factor is necessary to accommodate for the fact that the distance of the vehicle from the UAV with respect to the RSU will be greater in most cases due to the height of the UAV.
V. SIMULATION RESULTS

A. VERIFICATION OF APPROXIMATIONS
In this section, we consider a highway with three lanes. Vehicles are distributed across these lanes uniformly at random. In particular, we identify a fast, medium and slow lane. Vehicles on these lanes travel at an average speed of 30 m/s, 20 m/s and 10 m/s, respectively. Their instantaneous speeds are modeled as a Gaussian random variable with a standard deviation of 1 m/s. Vehicles enter the horizontal road of 0 to 500 meters taking any random position on the road. One segment of the highway is considered where an RSU-UAV pair jointly serve the vehicles. Similar to the application of the UAV in cellular communication where a base station and a UAV were deployed at stationary positions [54] , the RSU and UAV are also deployed as stationary servers to provide connection to the vehicles. The CW selected is that of voice streaming. The rest of the simulation parameters are tabulated in Table 2 . Simulations are carried out in MATLAB [55] . We first verify our analytical results and prove the accuracy of our approximations in Figure 6 . We observe that the exact throughput, calculated using the exact distances and including small scale fading, has a marginal difference to the approximate throughput calculated from the discretized distances and no small scale fading. This observation further supports two of our assumptions: the fact that path-loss is the dominant factor in the vehicles' channel states, and that the chosen M is large enough in this case.
B. EFFECT OF DESIGN PARAMETERS
The effect of the access probability (q) on the average system throughput is shown in Figure 7 . We can see that q needs to be properly designed to maximize the throughput. Otherwise, the throughput is severely degraded. Next, we fix q and find the optimal value of the SINR threshold. Ideally, these two parameters need to be optimized jointly. Similarly, we use exhaustive search to find the optimal value of the SINR threshold, given the remaining simulation parameters, such that throughput is maximized. Results are shown in Figure 8 and Figure 9 . However, we expect that there exists a limit for the SINR threshold above which the throughput will start to decrease again, thus, supporting our claim on the need to jointly design q and α for optimal performance. The optimal value of the SINR threshold and access probability are jointly used for the rest of the throughput simulations.
Using exhaustive search, we now jointly optimize the values of q and α such that the throughput is maximized. The optimization results are shown in Figure 10 and Figure 11 for different network densities, for the RSU, UAV and RSU-UAV server operation. For the chosen simulation parameters, the UAV can provide coverage to a limited number of vehicles in comparison to the RSU for the range of network densities shown. However, as the total throughput is almost equal to the sum of the throughput of the UAV and RSU, we conclude that the subset of vehicles being recovered by the RSU is not identical to that recovered by the UAV. This further supports our claim of the benefits of having an RSU and UAV operating together. Intuitively, as the density of the vehicles grows larger, the performance of both the UAV and RSU decreases due to the high number of collisions. As can be seen by Figure 10 and Figure 11 , performance of the UAV degrades more as density of the network reaches a certain level. This is due to the limited resources of the UAV. While RSU has been designed to support a large number of vehicles. It can also be seen that UAV improves the joint performance in terms of throughput and number of successful packets.
Thus, we can conclude that while there are fewer vehicles on the road, UAV outperforms the RSU due to the line of sight communication and better channels. However, as the density of the road increase, performance of RSU and UAV conforms. At a higher density (more than 100 vehicles as shown in the Figure 10 , RSU starts to outperform the UAV. This is because UAV has limited resources and battery life.
C. TRANSMIT POWER CONTROL
We now aim to compare the two proposed power control schemes in section VI and demonstrating their advantages. Average number of vehicles for each scaling factor has been tabulated in table 3. The throughput performance of each case in terms of improvement or degradation with respect to flat or default power scheme case is tabulated for different scaling factor and different network density in table 4. Following is the numerical analysis of each case. 
D. DISTANCE-BASED GROUPING 1) REDUCING TRANSMISSION POWER LEVELS OF VEHICLES CLOSER TO THE UAV
In this case, a group of vehicles that is closer to the UAV, decreases their transmission power. Thus, the vehicles that satisfies the distance criterion of d Ui < d Ri × scalingfactor forms that particular group. For this case, we mostly obtain throughput enhancement as compared with other cases. A maximum of 20.49% improvement is obtained for the case of 80% reduction in transmission power and scaling factor of 2.0 as shown in Figure 12 . The scaling factor is optimal in this case to take account for the increase height of the UAV, thus the performance is optimal. While for the case of scaling factor = 1, the throughput performance degrades from 20.49% to -1.8% in comparison with flat power scheme as shown in Figure 13 . Due to lack of space, we have only shown best and worst performance comparison. However, the performance improvement and degradation for other reduction power levels and scaling factors have been tabulated in Table 4 . It can be seen that taking account of scaling factor and increasing the reduction in transmit power level increases the throughput performance in comparison with flat transmission power level. Moreover, the reduced power in combination with path loss component of 2.51 (air-to-ground communication link) in comparison with path loss component of 3.1 (ground-to-ground communication link) [53] , there is a marked performance improvement for FIGURE 12. Vehicle's distance to the UAV is less than the distance to the RSU; reduction of transmission power by 80% and scaling factor of 2. the UAV-only server (shown by dashed red line in the Figure 12 ). The reduced transmission power causes less interference from the interfering vehicles, which in turn increases SINR and throughput, while the lower path loss component also increases the SINR. Moreover, it can be seen that as RSU is designed to accommodate higher number of vehicles in comparison with the UAV (UAV has limited resources), thus for higher network density the performance of the RSU is better in comparison with the UAV. Therefore, for flat transmission power scheme, the RSU performs better once the number of vehicles increases to 48 (the performance of the RSU is shown by the blue solid line while the performance of the UAV is shown by the red solid line in the Figure 12) , while for the reduced transmission power scheme the RSU performs better once the number of vehicles increases to 105 (the performance of the RSU is shown by the blue dashed line while the performance of the UAV is shown by the red dashed line in the Figure 12 ).
2) REDUCING TRANSMISSION POWER LEVELS OF VEHICLES CLOSER TO THE RSU
In this case, we reverse the distance criterion of above case and find out the performance of the throughput. It can be seen from the Table 4 that as we select the vehicles closer to the RSU to reduce their transmission power, increasing the scaling factor actually causes height factor to have recessive effect (due to the criterion d Ri < d Ui × scalingfactor). In particular, scaling factor of 2.0 and power reduction by 80% causes throughput degradation of 36.6% for 180 vehicles as shown in the Figure 14 . The higher path loss component of 3.1 for ground-to-ground communication link also causes the performance degradation. Moreover, it can be seen that the lower path loss component of 2.51 of ground-to-air communication link between vehicles and the UAV does not allow for substantial decrease in the throughput performance. At worst, the performance of the UAV for both reduced transmission scheme and flat transmission scheme remains the same (shown by dashed red line in the Figure 14) . 
FIGURE 14.
Vehicle's distance to the RSU is less than the distance to the UAV; reduction of transmission power by 80% and scaling factor of 2. 
3) REDUCING TRANSMISSION POWER OF VEHICLES WITH PROBABILITY 'M'
When we decrease the power of the vehicles randomly with probability 'm' with no distance criterion. For m = 0.4, we have better performance of 2.98% and 2.78% for 40% and 80% reduction in transmission power respectively for 120 vehicles when compared with default power as shown in VOLUME 7, 2019 the Figure 15 and Figure 16 respectively. Poor performance (throughput degradation of 3.58% for 180 vehicles) is for configuration of power reduction by 80% and m = 0.8 as shown in the Figure 17 . As can be seen from the last case shown in the Table 4 there is no major improvement or degradation when the vehicles reduce their transmission power with probability m. Thus distance criterion is more appropriate way to give assertive throughput.
VI. CONCLUSION AND FUTURE WORK
In this paper, we proposed a random access protocol for UAV-assisted vehicular to infrastructure communications. We drop the infamous collision model of CSMA/CA along with its orthogonal nature of transmissions. We incorporated the capture effect to support non-orthogonal transmissions of vehicles over the same time-frequency resources. For the proposed random access protocol, we modeled the behavior of the vehicles using a 2D Markov chain and derived the expression for the average system throughput. We verified the accuracy of the derived expression using simulations. We also numerically solved for the optimal access probabilities and SINR thresholds, for different network densities. Finally, we proposed two transmission power control schemes to further enhance system throughput while minimizing the communication overhead between the UAV and RSU.
As part of our future work, we plan to target a more coordinated RSU-UAV framework, by distributing the service channels between the two servers to minimize interference between the two and enhance system throughput. The flight time and operation time of the UAV will also be considered as pre-deployment parameters for UAV-selection.
APPENDIX
Combining Figure 3 and Figure 4 and by considering all the transition probabilities towards the state π (s o , T ), we get the following equation for π (s o , T ) 
By re-arranging and generalizing, we get: 
which can be reduced to:
l=T ,0,1 π (s j , l) . (19) Similarly, non-thinking states π (s z , b) where b = {0, 1, 2, . . . , W o − 1} and z = {0, 1, 2, . . . , M − 1} can be derived by considering all possible transition probabilities towards each non-thinking state: 
